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SUMMARY

Recent breakthroughs in spatial multi-omics enable simultaneous profiling of different modalities while pre

serving tissue architecture, providing unprecedented opportunities to explore tissue complexity. However, 

due to the sparse and noisy nature of the data, interpreting these complex tissue structures and cellular 

communication remains challenging. We present MultiSP, a deep learning framework that enhances data 

representation through efficient spatial and feature similarity fusion, modality-specific probabilistic genera

tive modeling, and cross-modality adversarial learning. Applied to various spatial multi-omics datasets, it 

outperforms existing methods in capturing biologically interpretable spatial domains. MultiSP also denoises 

spatial data, uncovers modality-specific spatial variations, and reveals gene regulation mechanisms. In the 

tumor microenvironment, it unravels fine-resolution cellular distribution maps, such as spatially neighboring 

macrophage-enriched sub-regions with distinct prognosis outcomes. Additionally, MultiSP facilitates the 

inference of spatially multimodal cell-cell communication. Together, MultiSP serves as a powerful framework 

for uncovering spatially multimodal heterogeneity and communication by integrating complementary infor

mation from multiple modalities.

INTRODUCTION

Spatial omics has recently progressed from single-modality tech

niques, such as spatial transcriptomics, to spatial multi-omics, 

which simultaneously captures multiple molecular layers— 

including gene expression, chromatin accessibility, and protein 

abundance—while preserving tissue architecture.1 Emerging 

technologies, such as spatial protein and transcriptome 

sequencing (SPOTS),2 microfluidic indexing-based spatial assay 

for transposase-accessible chromatin and RNA sequencing 

(MISAR-seq),3 spatial assay for transposase-accessible chro

matin using sequencing-RNA sequencing (spatial ATAC-RNA- 

seq),4 deterministic barcoding in tissue for spatial omics 

sequencing (spatial DBiT-seq),5 spatial co-indexing of transcrip

tomes and epitopes for multi-omics mapping by highly parallel 

sequencing (spatial CITE-seq),6 and Slide-tags,7 provide an un

precedented opportunity for investigating cellular spatial hetero

geneity and communication.

A number of computational methods have been developed for 

integrating single-cell multi-omics data,8 such as Seurat WNN,9

totalVI,10 MultiVI,11 scCross,12 and scAI,13 as well as for identifying 

spatial domains from spatial transcriptomics,14 such as 

SpaGCN,15 STAGATE,16 GraphST,17 CellCharter,18 stLearn,19

and scNiche,20 and from spatial chromatin accessibility data 

such as INSTINCT.21 However, these methods either neglect 

spatial information or focus on a single omics modality, limiting 

their ability to achieve comprehensive characterization of spatially 

multimodal heterogeneity. Recently, algorithms specifically de

signed for integrating spatial multi-omics data, such as 

SpatialGlue,22 spaVAE,23 PRESENT,24 COSMOS,25 MISO,26

stClinic,27 and spaMGCN,28 and integrating spatial transcriptom

ics with single-cell multi-omics data, such as SpaTrio29 and 

SIMO,30 have been proposed. These methods integrate multi- 

omics data through various fusion strategies and show improve

ments in downstream tasks such as spatial domain identification. 

These fusion strategies are broadly categorized into two types: 

weighted summation and feature concatenation. Weighted sum

mation assigns modality-specific weights either by predefined 

criteria (e.g., COSMOS) or via learned attention mechanisms 

(e.g., SpatialGlue, CORAL,31 and CANDIES32). By contrast, 

concatenation-based methods either directly combine the fea

tures (e.g., spaVAE and spaMGCN) or further integrate them using 

neural networks after concatenation (e.g., PRESENT and 

PRAGA33). Furthermore, MISO explicitly models inter-modal inter

actions during integration. Beyond fusion, some methods also 

perform multimodal alignment. For example, SpatialGlue intro

duces a correspondence loss, and PRESENT designs an inter- 

omics alignment loss, while SpaTrio and SIMO leverage optimal 

transport to align representation manifolds across modalities. 

Despite these advances, current approaches either overlook 
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the intrinsic distribution characteristics of different modalities, 

over-rely on spatial neighborhood structures, lack denoising ca

pabilities, or fail to properly align modalities into a common low- 

dimensional space prior to fusion. Consequently, the effective 

integration of spatial multi-omics data and the deciphering of 

spatially multimodal heterogeneity remain significant challenges.

Beyond the characterization of tissue structure from different 

modalities, spatial multi-omics also provide the opportunity to 

better decipher how these spatial cellular structures communi

cate with each other in the tissue,34,35 which has not been well 

explored in current spatial multi-omics data analysis. In addition, 

existing studies of cell-cell communication inference, including 

our previously developed CellChat method,36,37 rely solely on 

mRNA expression as a proxy for cell-surface protein levels, 

assuming that mRNA abundance correlates well with protein 

expression. This assumption often fails, particularly for cell-sur

face proteins, as mRNA and protein expression are influenced by 

post-transcriptional regulation and the complex processes gov

erning protein trafficking to the plasma membrane. On the other 

hand, secreted proteins are often difficult to stain for immunoflu

orescence.38 Therefore, spatial multi-omics data bring new op

portunities to analyze spatial cell-cell communication in native 

tissues by using expression profiles of cell-surface proteins.

To this end, we present MultiSP to reveal multicellular tissue 

structures and communication from spatial multi-omics data. 

MultiSP is a deep learning framework that incorporates both 

the neighborhood structure of cells within tissues and the distinct 

statistical distribution characteristics of each omics modality. 

Unlike other spatial multi-omics integration methods, MultiSP 

employs generative adversarial networks (GANs)39 to align the 

variational autoencoder (VAE)40-derived representation mani

folds of different omics modalities. While GANs have been uti

lized in single-cell omics for tasks such as batch correction 

and data generation,41,42 their application for vertical data inte

gration remains unexplored. To mitigate potential over-integra

tion and preserve modality-specific information, we adopt a 

weighted adversarial alignment strategy. We evaluate MultiSP 

on datasets from various technologies and tissue types. 

Compared with other methods, MultiSP consistently achieves 

more accurate spatial domain detection and shows its powerful 

ability to denoise data and uncover spatial multimodal heteroge

neity. Additionally, we perform an ablation study to evaluate the 

contributions of MultiSP’s architectural components, high

lighting the significance of each tailored component in driving 

its performance. Finally, we extend our CellChat framework by 

directly incorporating spatial locations of cells, gene expression 

of secreted ligands, and protein expression of corresponding 

surface receptors, enabling the inference of spatially multimodal 

cell-cell communication between interacting cell niches in native 

tissues.

DESIGN

MultiSP takes raw count matrices from multiple omics data and 

spatial location coordinates as inputs, employing a dedicated 

VAE for each omics modality (Figure 1A). After preprocessing 

the omics data, a spatial proximity graph (spatial graph) is con

structed based on spatial coordinates, and a feature similarity 

graph (feature graph) is created using omics-specific features. 

The fused graphs based on the spatial graph and the feature 

graph, along with the preprocessed omics features, are fed 

into omics-specific encoders to generate low-dimensional latent 

embeddings for each cell. Finally, omics-specific decoders 

reconstruct the input data from these latent embeddings, ac

cording to the unique distribution characteristics of each omics 

type. To align and integrate the latent embeddings from different 

omics, MultiSP introduces a discriminator to distinguish be

tween the latent embeddings of different omics. The VAE net

works for each omics act as generators, aiming to produce latent 

embeddings that confuse the discriminator, making it difficult to 

differentiate between the omics representations. This adversa

rial interaction between the generators and the discriminator en

ables the alignment of latent manifolds from different omics data. 

To preserve meaningful modality-specific information, we adopt 

a weighted adversarial alignment strategy by introducing cell- 

specific weights in the adversarial loss. Multilayer perceptron 

(MLP) was used to fuse these low-dimensional embeddings, 

yielding a comprehensive and information-rich representation.

The resulting low-dimensional embeddings and reconstructed 

data generated by MultiSP can be applied to various down

stream analyses, including spatial domain identification, data 

visualization, differential multimodal signatures analysis, 

and data denoising (Figure 1B). Moreover, based on our previ

ously developed cell-cell communication inference method, 

CellChat, and the denoised data, we infer multimodal cell-cell 

communication between interacting spatial domains by calcu

lating an interaction score based on the average gene expres

sion values of a ligand and the average protein expression of a 

surface receptor (Figure 1B; STAR Methods). Given that most 

cell-cell communication events occur within a short spatial dis

tance, we consider the biologically realistic interactions based 

on the maximal possible molecular interaction/diffusion ranges. 

For secreted signaling, we use the ideal diffusion range in a 

free medium, that is, the maximally allowable transport distance 

for small diffusive molecules (by default, 250 μm). For contact- 

dependent signaling, the interaction range is restricted to the 

nearest neighbors of each cell, such that signaling and target 

cells are in direct contact.

RESULTS

MultiSP facilitates accurate spatial domain detection in 

spatial RNA-ADT omics data

We first evaluated MultiSP on a human lymph node dataset 

generated using the CytAssist Visium platform (10× Geno

mics),22 which simultaneously measures both RNA and 

ADT (antibody-derived tag) modalities. This dataset includes 

ground-truth labels obtained from the previous study,22 where 

tissue domains were annotated by clinical experts based on he

matoxylin and eosin (H&E)-stained sections (Figure 2A). We 

compared MultiSP with single-cell multi-omics integration 

methods such as Seurat and totalVI, spatial single-omics inte

gration methods that only use gene expression data, such as 

STAGATE and GraphST, as well as spatial multi-omics integra

tion methods, such as SpatialGlue, PRESENT, and MISO. Addi

tionally, we examined the benefits of utilizing two modalities by 
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including the results that only use single-omics data, labeled as 

RNA and Protein, respectively. We first visually examined the 

spatial domains identified by each method (Figure 2B). As shown 

in Figures 2A and 2B, most methods successfully detected 

large-scale domains such as the cortex (ctx), pericapsular adi

pose tissue, and follicle. However, the spatial domains identified 

by MultiSP aligned more closely with the ground truth. totalVI, 

STAGATE, GraphST, and MISO failed to detect the small domain 

hilum, while Seurat, SpatialGlue, and PRESENT tended to merge 

the hilum with the surrounding pericapsular adipose tissue. In 

contrast, MultiSP accurately identified the hilum and clearly 

distinguished it from the adjacent pericapsular adipose tissue. 

Figure 1. Overview of MultiSP 

(A) Inputs include RNA, ATAC, ADT, spatial coordinates, and an optional H&E-stained tissue image. These are transformed into two complementary graphs: a 

spatial neighborhood graph and a feature similarity graph. Within a VAE framework, each omics modality is processed by a dedicated encoder-decoder pair. 

Each encoder employs a GCN module followed by multi-layer perceptrons (MLPs) to generate a latent representation. A discriminator aligns the latent spaces 

across modalities, and a final MLP integrates them into a unified embedding. The decoders are modality specific, each designed to match the data distribution of 

its respective omics. 

(B) MultiSP supports multiple downstream analyses: spatial domain identification, joint visualization, differential multimodal signature detection, and data 

denoising. Denoised spatial transcriptomics (for secreted ligands) and proteomics (for surface receptors) can be integrated to infer spatially resolved multimodal 

cell-cell communication, distinguishing between secreted-based and contact-dependent signaling mechanisms. The schematic diagram of cell-cell commu

nication was created in BioRender (https://BioRender.com/kr4y5em).
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Figure 2. MultiSP facilitates accurate spatial domain detection in spatial RNA-ADT omics data 

(A) Annotated ground-truth domain labels of human lymph node dataset. 

(B) Spatial domains identified by all methods as well as MultiSP under single-modality analysis for RNA or protein. 

(legend continued on next page) 
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Furthermore, we employed five supervised metrics to quantify 

the accuracy of spatial domain detection, including NMI (normal

ized mutual information), ARI (adjusted Rand index), entropy, pu

rity, and F1 score. We also defined an overall accuracy score as 

the average rank across all five metrics. Better performance 

corresponds to higher values for NMI, ARI, purity, F1 score, 

and overall score and lower values for entropy (STAR 

Methods). MultiSP significantly outperforms all other methods 

on these metrics, with only one non-significant exception versus 

a comparator method on a certain metric. As expected, MultiSP 

achieves a significantly higher overall score than all other 

methods (Figures 2C–2H). Among single-modality results, either 

RNA-only or protein-only analyses cannot capture the spatial 

domains well, particularly noticeable in the protein-only results, 

suggesting the importance of integrating different modalities 

for revealing spatial heterogeneity.

We then applied MultiSP to a mouse embryo dataset generated 

using the spatial DBiT-seq technology to demonstrate its effec

tiveness and robustness in integrating transcriptomic and proteo

mic data. Notably, only MultiSP aligned more closely with the 

previously reported MAdCAM1+ forebrain region that also corre

lated with tissue morphology of the mouse embryo brain5

(Figures 2I–2K). PRESENT also showed good performance, but 

SpatialGlue and MISO only captured a portion of this region. Other 

methods, including Seurat, totalVI, STAGATE, and GraphST, 

showed worse performance in capturing this biologically mean

ingful spatial domain. Moreover, we evaluated different methods 

using four unsupervised metrics (i.e., CHAOS, PAS, ASW, and 

Moran’s I) and an overall score that integrates these four 

metrics (STAR Methods). MultiSP and STAGATE exhibited 

better performance over other methods in terms of these four 

metrics (Figures 2L and 2M). While STAGATE shows a higher 

overall score than MultiSP, STAGATE did not correctly capture 

this MAdCAM1+ forebrain region (Figure 2K). This over-smoothed 

phenomenon of STAGATE was also observed in the previous 

study of SpatialGlue.22

In summary, MultiSP effectively integrates complementary 

spatial transcriptomics and proteomics data, enabling more ac

curate spatial domain detection.

MultiSP resolves mouse brain structures at different 

development stages from spatial RNA-ATAC omics data

Next, we assess the ability of MultiSP to integrate spatial 

transcriptomics and epigenomics data by applying it to the 

MISAR-seq mouse brain dataset,3 which simultaneously mea

sures transcriptomics and epigenomics across eight slices 

from four developmental stages: embryonic day (E)11.0, E13.5, 

E15.5, and E18.5, with two slices per stage. We used the four 

section 1 (S1) slices with anatomical annotations provided in 

the original study,3 which served as the ground truth. Compared 

to the spatial transcriptomics and proteomics data used in the 

aforementioned section, this dataset exhibits higher dimension

ality and greater sparsity. In comparison to other methods, 

including Seurat, MultiVI, STAGATE, GraphST, INSTINCT, 

SpatialGlue, PRESENT, MISO, and single-modality analyses 

labeled as RNA and ATAC, MultiSP achieves the best median 

score across all five supervised metrics and a significantly higher 

overall score when integrating the five metrics (Figures 3A–3F). 

This demonstrates that MultiSP can also achieve more accurate 

spatial domain detection when integrating spatial transcriptom

ics and epigenomics data.

Using the E15.5_S1 mouse brain sample as an example, we 

visually examined the identified spatial architecture from 

different methods, with 12 distinct domains based on the orig

inal annotations (Figure 3G). MISO demonstrated the weakest 

performance, failing to detect major spatial domains, leading 

to the worst performance in terms of the quantitative metrics 

(Figures 3A–3F). In contrast, other methods successfully identi

fied key domains such as Dpallm (mantle zone of dorsal pallium), 

Dpallv (ventricular zone of dorsal pallium), subpallium, thalamus, 

and cartilage. Notably, only MultiSP, INSTINCT, and SpatialGlue 

accurately detected the cerebellar vermis and distinguished it 

from the midbrain. Compared to all other methods, the muscle 

identified by MultiSP exhibited superior spatial continuity and 

greater consistency with the ground truth. Raw gene expression 

and chromatin accessibility data are often corrupted by high 

levels of noise and high dropout events. By modeling the gene 

expression profile using a zero-inflated negative binomial distri

bution (ZINB) and the chromatin accessibility using a zero-in

flated Poisson distribution (ZIP), MultiSP effectively denoises 

the original data, enabling a clearer representation of the spatial 

patterns of genes. We further performed differential gene 

expression and chromatin accessibility analyses based on the 

detected spatial domains and visualized the spatial distribution 

of gene and peak markers for specific domains before and after 

denoising (Figure 3H). Specifically, we highlighted six domains: 

clusters 1, 2, 9, 4, 6, and 12, corresponding to cartilage, Dpallm, 

muscle, cerebellar vermis, thalamus, and subpallium in the orig

inal annotations. The associated gene markers Col1a1, Nfib, 

and Dlk1 and the marker peaks chr9:91350781–91351282, 

chr5:131596822–131597323, and chr2:158556614-158557115 

were exclusively enriched in these domains, respectively. 

Notably, previous studies have shown that type I collagen, 

such as Col1a1, is highly enriched, reflecting its role in collagen 

synthesis and extracellular matrix (ECM) organization.43 Nfib 

has been identified as a key regulator of neural stem cell differ

entiation and the axonal projection of corticofugal neurons,44

and Dlk1 is recognized as an important regulator of muscle 

development and differentiation.45 Using the chromVAR pack

age,46 we performed enrichment analysis of transcription factor 

motifs based on chromatin accessibility and identified the motifs 

CREB1,47 MEIS2,48 and DLX649 associated with the indicated 

specific marker peaks. These motifs were also biologically asso

ciated with the cerebellar vermis, thalamus, and subpallium, 

(C–H) The quantitative comparison of different methods using five evaluation metrics (C–G), as well as the overall score (H) (n = 10 independent experiments). p 

values were calculated using a one-sided unpaired Wilcoxon rank sum test. 

(I–M) Application to spatial DBiT-seq mouse embryo dataset. (I) H&E-stained histology image. (J) Spatial domains identified by all methods. (K) Magnified 

clustering results of the spatial region marked by the protein MAdCAM-1. (L and M) The quantitative comparison of different methods using four unsupervised 

evaluation metrics and the overall score.
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Figure 3. MultiSP resolves mouse brain structures at different development stages from spatial RNA-ATAC omics data 

(A–F) The quantitative comparison of different methods on the MISAR-seq dataset. Each boxplot contains results from samples across four tissue slices: E11_0- 

S1, E13_5-S1, E15_5-S1, and E18_5-S1. p values were calculated using a one-sided unpaired Wilcoxon rank sum test. 

(legend continued on next page) 
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respectively. Together, MultiSP is able to identify the biologically 

meaningful marker genes and peaks that are consistent with the 

known biology of anatomical annotations. Compared to the raw 

data that contained significant noise, the denoised data pro

duced by MultiSP exhibited more enriched and well-defined 

spatial patterns. The results with all other slices are shown in 

Figure S1.

These results demonstrate that MultiSP effectively integrates 

complementary information from spatial transcriptomics and ep

igenomics, enabling the detailed dissection of complex spatial 

tissue structures.

MultiSP accurately captures mouse brain anatomy, 

enables spatial data denoising, and reveals spatial 

patterns of gene regulations by integrating spatial 

epigenomics and transcriptomics

To demonstrate the ability of MultiSP to denoise spatial data and 

unravel spatial regulatory mechanisms, we applied MultiSP to a 

postnatal day (P)22 mouse brain coronal section dataset gener

ated using spatial ATAC-RNA-seq technology, which simulta

neously measures mRNA and open chromatin regions. Using 

the Allen Brain Atlas50 as a reference to annotate anatomical do

mains (Figure 4A), we tested MultiSP against other methods for 

benchmarking (Figure 4B). While both RNA and ATAC modalities 

could identify the vl (lateral ventricle), the RNA modality more 

clearly distinguished the ccg (genu of corpus callosum) but failed 

to differentiate between the different layers of the ctx (cortex 

layers). In contrast, the ATAC modality was able to identify the 

small region lpo (lateral preoptic area) and distinct ctx layers, 

which may explain why spatial transcriptomics methods such 

as STAGATE and GraphST are unable to achieve this. MultiSP 

outperformed other methods by accurately identifying domains 

in the reference annotation, including the cp (caudoputamen), 

acb (nucleus accumbens), ccg, ls (lateral septal nucleus), vl, 

and lpo, and providing a more refined segmentation of the ctx. 

The atlas annotation demonstrated a pronounced spatial pattern 

in the dataset, which non-spatial, single-cell multi-omics 

methods, such as Seurat and MultiVI, and the spatial multi-omics 

methods PRESENT and MISO failed to fully capture, often pro

ducing substantial noise.

Although SpatialGlue performed comparatively well, with the 

ability to identify most domains, MultiSP generated smoother 

and more continuous spatial domains. This observation is further 

supported by the unsupervised quantitative metrics of spatial 

continuity (Figures 4C and 4D). These results suggest the supe

rior and robust performance of MultiSP in capturing mouse brain 

anatomy by integrating gene expression and chromatin accessi

bility profiles.

Next, we visualized the spatial distribution of marker 

genes across six distinct domains before and after denoising 

(Figure 4E). The gene markers Rreb1,51 Dgkg,52 Mbp,53 Sox4,54

Pde10a,55 and Snap2556 correspond to the lpo, ls, ccg, vl, cp, 

and ctx domains, respectively. Our analysis revealed that the orig

inal gene expression data contained significant noise, whereas 

the denoised gene expression produced by MultiSP exhibited en

riched and well-defined spatial patterns. We further quantitatively 

assess the denoising performance by employing the widely used 

strategy in the previous benchmarking study,57 that is, the evalu

ation of the clustering performance on denoised data. We 

compared MultiSP with established denoising methods, including 

Sprod58 and spaVAE.23 By evaluating the clustering performance 

on the denoised spatial gene data, we observed superior denois

ing performance of MultiSP compared to the raw data, Sprod, and 

spaVAE (Figures 4F, 4G, S2A, and S2B). These findings demon

strate that MultiSP effectively integrates spatial and multimodal in

formation to denoise gene expression, facilitating its application in 

various downstream analyses.

Complex regulatory mechanisms exist between gene expres

sion and chromatin accessibility.59 By integrating these two mo

dalities in a spatial manner, we are able to explore the spatial pat

terns of gene regulation. Transcription factors play a critical role 

in cell differentiation and influence cell fate decisions during brain 

aging and development by regulating gene expression.60–62 Us

ing the chromVAR package,46 we performed enrichment 

analysis of transcription factor motifs based on chromatin 

accessibility data. Combined with denoised gene expression 

data, we identified distinct gene regulatory relationships for 

the marker genes Neurod2 and Olig1 in the mouse brain 

(Figure 4H). Specifically, the regulatory factor Neurod2 exhibited 

synchronous changes in gene and motif activity across different 

domains, with a similar spatial pattern of gene expression and 

motif activity peaking at the ctx. In contrast, the regulatory factor 

Olig1 showed a markedly different trend and spatial distribution. 

We conducted a spatial colocalization analysis of the two motif- 

gene pairs using the Lee statistical test.63 Expectedly, we 

observed a colocalized pattern between motif MA0668.1 and 

gene Neurod2 and a non-colocalized pattern between motif 

MA0826.1 and Olig1, confirming their distinct regulatory patterns 

(Figure S2C).

MultiSP uncovers spatially neighboring tumor- 

associated macrophage-enriched regions with distinct 

prognosis power

To analyze the highly variable and complex tumor microenviron

ment,64 we applied MultiSP to a mouse breast cancer dataset 

generated using the SPOTS technology, which simultaneously 

measures spatial transcriptomics and proteomics features. By 

jointly analyzing the two modalities, MultiSP identified seven 

spatial domains, which were spatially organized in the tissue 

and well separated in the learned uniform manifold approxima

tion and projection (UMAP) space (Figure 5A). These domains 

were labeled as peritumoral, plasma cells, two macrophage-en

riched regions (Mac-1 and Mac-2), two fibroblast-enriched re

gions (Fib-1 and Fib-2), and epithelial cells, respectively. Next, 

we conducted differential gene and protein expression analyses 

to identify markers for each domain relative to others, and we 

(G) The spatial visualization colored by ground truth and spatial clusters identified based on different methods in the E15.5_S1 mouse brain sample. The spatial 

domains produced by MultiSP are numbered and indicated. 

(H) Visualizations of the raw and MultiSP denoised values of the representative marker genes and peaks.
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Figure 4. MultiSP captures mouse brain anatomy from spatial ATAC-RNA-seq data and enables spatial data denoising 

(A) Annotated reference from the Allen Mouse Brain Atlas. 

(B) Spatial domains identified by different methods. The spatial domains produced by MultiSP are numbered and indicated. 

(C and D) The quantitative comparison of different methods. 

(legend continued on next page) 
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presented the spatial distributions of the representative markers 

(Figures 5B and 5C). Overall, we found that gene markers ex

hibited more pronounced differential expression patterns than 

protein markers. Notably, the gene marker Krt8 and the protein 

marker CD326 were both enriched in the epithelial cells, and 

the gene marker Hba-a2 and the protein marker CD19 effectively 

distinguished the peritumoral area from the macrophage-en

riched region. Additionally, the gene markers Trim33 and Igha 

and the protein marker podoplanin (PDPN) better reflected 

the differences among Mac-2- and plasma cell-enriched re

gions. Previous study shows that PDPN is upregulated in can

cer-associated fibroblasts and inflammatory macrophages that 

contribute to cancer progression,65 suggesting that targeting 

Mac-2-enriched regions with relatively high PDPN may inhibit 

cancer progression.

Intriguingly, MultiSP deciphered fine-resolution cellular distri

bution maps of fibroblasts and macrophages, including two 

fibroblast-enriched sub-regions (Fib-1 and Fib-2) and two 

macrophage-enriched sub-regions (Mac-1 and Mac-2). In addi

tion to the aforementioned marker genes and proteins that 

discriminated these different sub-regions, we further systemat

ically characterized their differences by performing gene 

scoring analysis using well-established gene sets (STAR 

Methods). We found that significantly higher gene scores of 

ECM organization and COLLAGEN formation were observed 

in Fib-2 compared to Fib-1 (Figure 5D), suggesting that Fib-2 

produces an excessive ECM, forming a barrier that modulates 

cancer invasion and immune response. This observation was 

consistent with the fact that Fib-2, rather than Fib-1, was 

spatially close to the peritumoral region (Figure 5A). Moreover, 

the two fibroblast subsets exhibited distinct gene expression 

patterns (Figure 5D). Fib-1 showed high expression of genes 

involved in the regulation of the immune process, such as 

Tyrobp, Pycard, Arg1, Xbp1, and Appl2, which was consistent 

with the important roles of fibroblasts in regulating immune re

sponses.45,66 Fib-2 represents a fibroblast state that promotes 

cancer progression through ECM remodeling, where genes 

involved in ECM organization, such as Lgals3, Hspg2, Fn1, 

Fap, and Mmp14, were enriched in Fib-2.45,66 For the two 

macrophage-enriched sub-regions, we observed the highest 

gene scores of proliferation and wound healing in Mac-2 and 

the lowest values in Mac-1. Using the signature genes of M2- 

like macrophages, we found significantly higher gene scores 

in Mac-2-enriched regions compared to Mac-1 (Figure 5E). 

Furthermore, we conducted a differential gene expression anal

ysis between Mac-1- and Mac-2-enriched regions (Figure 5F). 

Consistent with the gene scoring analysis, the Mac-1-enriched 

region showed high expression of inflammation-associated fac

tors such as Aqp5 and Xbp1,67 while the Mac-2-enriched re

gion was characterized by alternatively activated macrophage 

marker genes, including Mmp2 and Spp1,68–70 as well as genes 

related to the matrix and structure organization, such as Col4a1 

and Vim.

Moreover, we asked whether the spatially neighboring Mac-1- 

and Mac-2-enriched regions exhibited distinct prognostic power 

by performing survival analysis. Since protein abundance cannot 

well distinguish different regions (Figure 5C), we performed 

this analysis using gene expression data. By utilizing the bulk 

RNA-seq data of The Cancer Genome Atlas (TCGA) breast 

cancer patients from UCSC Xena71 and using the top 50 differen

tially expressed genes (DEGs) between Mac-1- and Mac-2-en

riched regions, we performed survival analysis using the survival 

R package (STAR Methods). GSVA (gene set variation 

analysis) scoring was used to score each patient based on the 

expression of DEGs. Significant differences in the prognostic 

abilities of Mac-1- and Mac-2-enriched regions were observed 

(Figure 5G). When using marker genes of Mac-1, the patients 

with high GSVA scores exhibited higher survival rates compared 

to the remaining patients (p = 0.047, two-sided log rank test). On 

the contrary, the group of patients with high GSVA scores of 

marker genes of the Mac-2-enriched region had significantly 

poorer prognosis compared to the remaining group of patients 

(p = 0.021). By using varying numbers of DEGs identified in the 

Mac-2-enriched region, we consistently observed poor prog

nosis for this region (Figure S3). In addition, we observed the 

consistency between the identified DEGs (Figure 5F) and known 

poor-prognosis macrophage signatures in human breast cancer, 

such as IGFBP2,72 PDPN,73 AGRN,74 and SPP1,75 suggesting 

the clinical relevance of our findings. These results indicate 

that the two identified macrophage-enriched regions are biolog

ically distinct within the complex tumor microenvironment. 

Together, by jointly analyzing spatial transcriptomics and prote

omics, MultiSP depicted refined spatial structures and identified 

a macrophage-enriched region associated with poor prognosis, 

promoting tumor growth by creating an immunosuppressive 

microenvironment and barrier at tumor borders.

Additional applications to a broader range of spatial 

multi-omics datasets from various technologies and 

tissues

To showcase MultiSP’s broad applicability to various tissues and 

data sources, we applied it to a wide range of spatial multi-omics 

datasets derived from various technologies and tissue types. 

These include E13 mouse embryo data from spatial ATAC- 

RNA-seq (RNA+ATAC),4 human skin data from spatial CITE- 

seq (RNA+ADT),6 and human tonsil dataset from 10× Genomics 

(RNA+ADT+Image).76

For the spatial ATAC-RNA-seq mouse embryo dataset 

(Figure S4A), MISO failed to detect the eye region. Seurat, 

MultiVI, STAGATE, GraphST, and PRESENT identified the eye 

with partial overlap with other domains. Only MultiSP and 

SpatialGlue successfully detected the complete eye region and 

clearly separated it from other anatomical structures 

(Figure S4B). We further evaluated the performance of each 

method using the four unsupervised metrics. Among them, 

MultiSP and STAGATE consistently outperformed other 

(E) Visualizations of the raw gene expressions and MultiSP denoised values of the six representative marker genes. 

(F and G) Clustering performance of raw and denoised spatial gene expression data from various methods. 

(H) The scaled denoised gene expression and ChromVAR-derived motif activity of the two distinct regulators across different domains from the outer layer to the 

inner layer.

Cell Genomics 6, 101141, May 13, 2026 9 

Technology
ll

OPEN ACCESS



A

C

D

F G

E

B

Figure 5. MultiSP uncovers fine-resolution spatial regions with distinct prognostic power 

(A) The spatial and UMAP visualization of clusters identified based on MultiSP in the mouse breast cancer dataset. 

(B) Normalized RNA levels of Hba-a2, Igha, Krt8, and Trim33 and normalized ADT levels of CD19, F4/80, CD326, and PDPN. 

(C) The relative denoised averaged RNA expression levels and ADT levels across clusters. 

(D) The differential expressed genes between Fib-1 and Fib-2 (left) and the violin plot of calculated gene scores for given gene sets among the two fibroblasts 

enriched regions (right). In the violin plot, Fib-1- and Fib-2-enriched spots were used for gene score calculation. p values are calculated from a two-sided 

Wilcoxon rank sum test. 

(legend continued on next page) 
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methods across all four metrics. Although STAGATE achieved a 

higher overall score than MultiSP, it failed to accurately distin

guish between the stratum (pallium) and stratum (subpallium) do

mains, which display distinct morphologies in the H&E images 

(Figures S4A and S4C–S4F).

For the spatial CITE-seq human skin dataset, MultiSP, 

PRESENT, and Seurat accurately captured the dermis region, 

whereas other methods failed to do so. Among all methods, 

MultiSP identified the pilosebaceous unit with the greatest con

tinuity and the closest alignment to the corresponding histology 

image (Figures S5A and S5B). In terms of the four unsupervised 

metrics, MultiSP and PRESENT exhibited better performance 

than the other methods (Figure S5C).

Given the flexibility of the MultiSP framework, it can also 

handle three or more modalities. For instance, H&E-stained im

ages can be treated as an additional modality. We integrated 

preprocessed image features into the MultiSP architecture and 

reconstructed them using a standard mean squared error 

(MSE) decoder. We demonstrated the performance of MultiSP 

using the human tonsil dataset from 10× Genomics, which 

included spatial gene expression, protein, and histology image 

data (Figures S6A and S6B). Specifically, we followed the original 

study of MISO to assess each method’s ability to localize known 

germinal centers and calculated the F1 score to evaluate the ac

curacy. MultiSP achieved the highest median F1 score 

compared to other methods, including MISO, SpatialGlue, 

PRESENT, and stLearn, as well as the single-omics methods 

Seurat and totalVI (Figure S6C). Together, these comprehensive 

comparisons demonstrate the flexibility and generalizability of 

the MultiSP framework.

Harnessing spatial multi-omics data to refine the 

reliability of cell-cell communication events

The spatial multi-omics data offer an unprecedented opportunity 

to analyze cell-cell communication by utilizing the mRNA expres

sion of a ligand and the ADT expression of a surface receptor. 

We extended our previous cell-cell communication inference 

method CellChat to infer spatially multimodal cell-cell communi

cation between interacting cell groups (Figure 6A; STAR 

Methods).

Taking the mouse spleen data that simultaneously measure 

spatial transcriptomics and proteomics using the SPOTS tech

nology2 as an example, we first applied MultiSP to identify the 

spatial domains. The spleen, a vital lymphoid organ essential 

for immune function, plays a key role in hematopoiesis and the 

clearance of aging red blood cells.77 MultiSP identified four 

distinct spatial domains, which showed spatially compartmen

talized structures in the tissue that were well separated in the 

learned UMAP space (Figure 6B). These domains were labeled 

as two macrophage subset-enriched regions (Mac-1 and 

Mac-2), along with a B cell-enriched region and a T cell-enriched 

region based on the enrichment of known marker genes. Of note, 

these spatial domains cannot be considered pure cell types due 

to the low-resolution spatial technology. We performed differen

tial gene and protein expression analyses for each spatial 

domain (Figure 6C) and identified protein markers distinguishing 

B cells (e.g., CD19, CD169, and B220), T cells (e.g., CD3, CD4, 

and CD8), and macrophages (e.g., F4_80, CD163, and CD68), 

which well aligned with the findings from the original study.2

However, protein markers alone were insufficient to differentiate 

between the two macrophage subtypes. The differences be

tween Mac-1 and Mac-2 were primarily revealed by gene 

markers, with Mac-1 characterized by genes such as Hbb-a1, 

Car2, and Pf4 and Mac-2 enriched with Igkc, Igha, and Ighm. 

We also visualized the spatial expression distribution of T cell 

protein markers (Cd4), key macrophage protein markers 

(F4_80), and gene markers for the two macrophage subsets 

(Pf4 for Mac-1 and Igkc for Mac-2) (Figure 6D), revealing 

distinct expression patterns in their respective domains. 

These results highlight MultiSP’s ability to capture the unique 

contributions of each modality for more refined spatial domain 

detection.

Next, we analyzed cell-cell communication between the iden

tified spatial domains and compared communication inferred 

from protein expression of cell-surface receptors with that based 

on the traditional mRNA expression approach for both ligands 

and receptors. To ensure fair comparison, we compared the 

two approaches on the same collection of candidate L-R 

(ligand-receptor) pairs, where the L-R pairs with receptors 

measured in ADT were used. We found that both mRNA and 

ADT levels of receptors in the inferred cell-cell communication 

using denoised RNA+ADT data were higher than those using 

the denoised RNA-only data and the raw RNA+ADT data 

(Figure 6E). In addition, we compared the methods that only 

used the RNA data, including COMMOT78 and SpatialDM.79

Consistent with the results from CellChat, which only used 

RNA data, we observed similar results for COMMOT and 

SpatialDM (Figures 6F and 6G), where worse performance was 

observed compared to the results using RNA+ADT data. Among 

the identified ligand-receptor interactions, when using RNA-only 

data, both T cell- and B cell-enriched regions respond to IL-16- 

CD4 signaling; however, when using RNA+ADT data, only the 

T cell-enriched region was the predominant target of IL-16- 

CD4 signaling (Figure 6H), which was consistent with the exclu

sively enriched CD4 protein expression in the T cell-enriched 

region (Figure 6D). Importantly, a previous study stated that 

IL16 was a well-known modulator of T cell activation.80 Similar 

results were observed for major histocompatibility complex 

(MHC) class I signaling mediated by the H2-AB1 ligand and its 

receptor CD4, where the T cell-enriched region with elevated 

protein expression of CD4 responds to this cell-contact-depen

dent signaling (Figure 6I). In addition, we calculated the overlap 

in cell-cell communication under independent runs of MultiSP 

and observed the same enriched signaling, suggesting the 

(E) The violin plot of calculated gene scores for given gene sets among the two macrophage-enriched regions. In the violin plot, Mac-1- and Mac-2-enriched spots 

were used for gene score calculation. p values are calculated from a two-sided Wilcoxon rank sum test. 

(F) The differentially expressed genes between the two macrophage subsets. 

(G) Overall disease-free survival curves of patient groups with high and low gene scores using the marker genes of Mac-1-enriched region (left) and Mac-2- 

enriched region (right), respectively. p values are calculated from a two-sided log rank test.
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Figure 6. Harnessing both mRNA and ADT expression to detect reliable cell-cell communication events 

(A) Spatially proximal multimodal cell-cell communication between adjacent groups of cells is inferred by first identifying pairs of cells that are physically proximal 

within the maximum assumed interaction/diffusion range and then identifying pairs of cell groups that have a sufficient number of nearby cell pairs. 

(B) The UMAP and spatial visualization of domains identified based on MultiSP in the mouse spleen dataset. 

(C) The average expression of each feature within each spatial domain and the difference of ADT expression levels (bottom) and RNA expression levels (top). 

(D) Normalized ADT level of CD4 for T cells and F4_80 for macrophages and normalized RNA expressions of Pf4 and Igkc for the two macrophage-enriched 

regions. 

(legend continued on next page) 
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robustness of our method (Figure S7A). Collectively, our results 

suggest the importance of harnessing both mRNA and ADT 

expression in detecting reliable cell-cell communication events.

DISCUSSION

MultiSP is an efficient deep learning framework designed to learn 

latent representations of cells that integrate both spatial informa

tion and multimodal data, facilitating accurate spatial domain 

detection and subsequent downstream analyses such as low- 

dimensional visualization, differential multimodal signatures 

analysis, data denoising, and multimodal cell-cell communica

tion. We demonstrated MultiSP’s superior and robust perfor

mance on datasets from a variety of platforms, including 10×

Genomics, SPOTS, MISAR-seq, spatial CITE-seq, spatial 

DBiT-seq, and spatial ATAC-RNA-seq.

Firstly, MultiSP outperformed competing methods in accu

rately identifying biological spatial domains in highly heteroge

neous tissue samples with diverse omics combinations. Sec

ondly, we demonstrated MultiSP’s ability to denoise spatial 

omics data. Compared to the original data, the denoised data 

exhibited clear spatial patterns with enhanced spatial signaling. 

We also quantitatively assessed the denoising performance of 

MultiSP and compared it against two spatial denoising methods 

(i.e., Sprod and spaVAE) by evaluating clustering performance 

on denoised data from the P22 mouse brain (RNA modality), 

the MISAR-seq E15.5 mouse brain (ATAC modality), and the hu

man lymph node (ADT modality) datasets. In all modalities, 

MultiSP consistently outperformed the raw data as well as the 

other two methods (Figure S8). To demonstrate the effectiveness 

of ZINB modeling in denoising gene expression data, we evalu

ated clustering performance on denoised data after removing 

ZINB and observed a noticeable decrease in spatial continuity 

and accuracy of the detected spatial domains (Figure S9). 

Finally, when applied to the tumor microenvironment in breast 

cancer tissue, MultiSP identified fine-resolution cellular distribu

tion maps of fibroblasts and macrophages, including spatially 

adjacent tumor-associated macrophage-enriched regions that 

showed distinct prognostic power. We also identified several 

literature-supported macrophage signatures in human breast 

cancer, such as IGFBP2, PDPN, AGRN, and SPP1, suggesting 

the clinical relevance of the Mac-2-enriched-region-associated 

gene signatures. However, these findings would benefit from 

further experimental validation. Together, these results highlight 

the strong potential of MultiSP in analyzing the ever-growing 

spatial multi-omics data.

The successful performance of MultiSP lies in utilizing a prob

abilistic generative model that leverages cellular neighborhood 

similarity and modality-specific data distribution as well as an 

adversarial learning component to enhance data representation 

and cross-modality integration. By incorporating weighted ad

versarial alignment and a pretraining strategy, MultiSP not only 

projects different modalities into a joint latent space but also en

ables seamless integration of multiple modalities. Although 

MultiSP and SpatialGlue both construct spatial and feature 

graphs, MultiSP differs in several key aspects. First, it employs 

a VAE to refine the latent representation of each omics modality. 

Second, it concatenates latent embeddings before aligning mo

dalities adversarially, allowing flexible integration of any number 

of omics types—unlike SpatialGlue, which aligns and fuses mo

dalities pairwise. Third, MultiSP reconstructs denoised data 

through modality-specific probabilistic decoders, which have 

been shown to improve the inference of cell-cell communication 

events. In contrast, SpatialGlue reconstructs reduced-dimen

sional features (e.g., from principal-component analysis [PCA] 

or latent semantic indexing [LSI]), limiting its ability to model 

raw count data and remove noise—a particular advantage for 

downstream analysis. Unlike methods such as PRESENT that 

rely heavily on the spatial neighborhood structure, MultiSP is 

capable of flexibly integrating spatial information and feature 

similarity according to the characteristics of different tissue 

structures. To validate the framework design, we conducted 

ablation studies by removing the VAE component from the 

omics-specific encoder and adjusting the adversarial alignment 

loss. Evaluations on both spatial RNA-ADT and RNA-ATAC data

sets confirmed that these distinguishing components underlie 

MultiSP’s superior performance (Figure S10).

Different from existing cell-cell communication inference 

methods, MultiSP infers spatially resolved multimodal cell-cell 

communication by taking advantage of paired spatial multi- 

omics data, particularly spatial transcriptomics and proteomics. 

MultiSP infers cell-cell communication by using gene expression 

of secreted ligands and protein expression of corresponding sur

face receptors, which makes biological sense. Moreover, spatial 

proteomics usually capture the expression of cell-surface pro

teins instead of secreted proteins due to technical issues. There

fore, MultiSP proposes using the complementary information of 

the gene and protein modalities, which is different from previous 

spatial multimodal interaction analysis that uses gene and pro

tein expression to respectively infer gene-gene and protein-pro

tein interactions.29 By comparing conventional approaches that 

use mRNA expression to approximate the cell-surface protein 

expression, we showcase the need for both mRNA and ADT 

expression in detecting reliable cell-cell communication events.

We conducted a scalability analysis using all studied datasets 

that have commonly used dataset sizes and types. The running 

time ranges from 10 s to 3 min, and memory usage ranges 

from 1 to 17 GB, suggesting the method’s practical utility and 

(E) Comparison of the normalized mRNA and protein levels of receptors between the inferred cell-cell communication using the denoised RNA-only data, the raw 

RNA+ADT data, and the denoised RNA+ADT data. p values are calculated from a two-sided Wilcoxon rank sum test. 

(F) Comparison analysis of COMMOT using denoised RNA-only data versus the proposed method using denoised RNA+ADT data. p values are calculated from a 

two-sided Wilcoxon rank sum test. 

(G) Comparison analysis of SpatialDM using denoised RNA-only data versus the proposed method using denoised RNA+ADT data. p values are calculated from a 

two-sided Wilcoxon rank sum test. 

(H) The comparison of the inferred IL-16-CD4 signaling network using RNA-only data and RNA+ADT data. 

(I) Another example of the inferred H2-AB1-CD4 signaling network. The gene expression of H2-AB1 was used because it was not measured in ADT.
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performance in real-world scenarios (Figures S11A and S11B). 

To further assess the scalability of MultiSP on larger datasets, 

we applied it to a mouse spleen dataset generated using the 

CODEX technology,81 which contains approximately 80,000 

cells and 30 proteins. We created test datasets of varying sizes 

by randomly sampling subsets of cells. Since this dataset con

tains only one modality (protein), we generated a second modal

ity by randomly shuffling the expression profiles among the cells. 

When varying the number of cells from 10,000 to 50,000, the 

running time of MultiSP is generally under 6 min (Figures S11C 

and S11D). To handle large datasets, a high-performance com

puter with greater GPU memory would be beneficial, and the 

incorporation of graph partitioning strategies and mini-batch 

strategies such as scNiche20 would be helpful. We anticipate 

that MultiSP will be widely used in the fast-developing field of 

spatial multi-omics technologies and offer new insights into 

spatially multimodal heterogeneity and cellular communication.

Limitations

Although MultiSP exhibits attractive performance, several avenues 

for further improvement remain. First, its hybrid approach—using 

transcriptomic ligands and protein-level receptors—is biologically 

sound but constrained by the limited coverage of surface proteins 

in current spatial proteomics platforms. When protein measure

ments are unavailable, receptor expression could be approxi

mated using transcriptomic data or predicted via cross-omics 

imputation. Second, although reconstructing raw counts offers ad

vantages over existing methods, computational cost will inevitably 

increase with larger cell numbers and feature sets. Third, for rela

tively low-dimensional and dense ADT data, MultiSP currently em

ploys an MSE decoder. Replacing this with a probabilistic decoder 

(e.g., the MixtureNB decoder from totalVI) resulted in reduced 

performance (Figure S12), most likely because totalVI is optimized 

for CITE-seq data, whereas ADT distributions may vary across 

technologies. Developing improved probabilistic models for ADT 

data remains an open research question. Finally, MultiSP is de

signed for spatially aligned multi-omics data profiled within the 

same cells. Although compatible in principle with both in-situ- 

sequencing- and probe-based platforms, it was primarily evalu

ated on in situ sequencing data due to the scarcity of paired 

probe-based datasets. As spatial multi-omics evolves, MultiSP 

could be extended by designing tailored decoders for new data 

types—for instance, likelihood-based decoders for count-based 

modalities (e.g., methylation) and MSE-based decoders for 

data without clear distributions (e.g., high-plex imaging). Further 

development could also enable the integration of unpaired multi- 

omics data (e.g., from serial sections or different platforms)82,83

or the alignment of spatial omics with single-cell multi-omics 

profiles.29,30
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Lead contact

Further information and requests should be directed to and will be fulfilled by 

the lead contact, Suoqin Jin (sqjin@whu.edu.cn).

Materials availability

This study did not generate new unique reagents.

Data and code availability

• The original data used in this paper can be accessed through the 

following links: (1) SPOTS mouse spleen and breast cancer, GEO: 

GSE198353; (2) Visium CytAssist human lymph node: https://zenodo. 

org/records/10362607; (3) MISAR-seq mouse brain: https://www. 

biosino.org/node/project/detail/OEP003285; (4) spatial ATAC-RNA- 

seq mouse brain: https://brain-spatial-omics.cells.ucsc.edu/; (5) spatial 

DBiT-seq mouse embryo, GEO: GSE137986; (6) spatial CITE-seq hu

man skin, GEO: GSE213264; (7) 10× Visium human tonsil: https:// 

www.10xgenomics.com/resources/datasets/gene-protein-expression- 

library-of-human-tonsil-cytassist-ffpe-2-standard; and (8) CODEX 

mouse spleen: https://data.mendeley.com/datasets/zjnpwh8m5b/1.

• MultiSP is publicly available as a Python package. Source codes and tu

torials have been deposited in GitHub (https://github.com/jinworks/ 

MultiSP) and archived in Zenodo (https://doi.org/10.5281/zenodo. 

17853075). Codes for reproducing the benchmarking results in this paper 

are available at https://github.com/jinworks/MultiSP_reproducibility.

• Any additional information required to reanalyze the data reported in this 

paper is available from the lead contact upon request.
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STAR★METHODS

KEY RESOURCES TABLE

METHOD DETAILS

Data preprocessing

For different types of omics data, we apply the corresponding widely used preprocessing methods. For gene expression data (RNA), 

we first filter out genes expressed in less than 10 cells, then perform library size normalization and log transformation, followed by 

selecting the top 3,000 highly variable genes. For chromatin accessibility data (ATAC), we filter out peaks accessible in less than 

3% cells, followed by frequency-inverse document frequency (TF-IDF) normalization.84 For protein abundance data (ADT), we apply 

centered log ratio (CLR) transformation.85,86

The MultiSP framework

MultiSP designs a specific variational autoencoder (VAE) with neighborhood structure awareness for each omics, generating low- 

dimensional embeddings that integrate spatial information for each omics data. These embeddings are then fused across modalities 

to obtain a unified low-dimensional representation. Beyond spatial location data, MultiSP accepts pairwise combinations or simul

taneous input of RNA, ADT, and ATAC modalities. The spatial location data is represented by the spatial coordinate matrix M. The raw 

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Visium CytAssist human lymph node data Long et al.22 https://zenodo.org/records/10362607

SPOTS mouse spleen and breast cancer data Ben-Chetrit et al.2 GSE198353

MISAR-seq mouse brain data Jiang et al.3 https://www.biosino.org/node/project/detail/ 

OEP003285

Spatial ATAC–RNA-seq mouse brain and 

E13 mouse embryo data

Zhang et al.4 https://brain-spatial-omics.cells.ucsc.edu

Spatial CITE-seq human skin data Liu et al.6 GSE213264

Spatial DBiT-seq mouse embryo data Liu et al.5 GSE137986

10× Visium human tonsil gene and protein 

expression data

10× Genomics https://www.10xgenomics.com/resources/datasets/ 

gene-protein-expression-library-of-human-tonsil- 

cytassist-ffpe-2-standard

CODEX mouse spleen data Goltsev et al.81 https://data.mendeley.com/datasets/zjnpwh8m5b/1

Software and algorithms

R (v4.4.1) R Core Team https://www.r-project.org/

Python (v3.11.9) Python Software Foundation https://www.python.org/

Pytorch (v 2.4.0) PyTorch Foundation https://pytorch.org/

Seurat (v4.3.0) Hao et al.9 https://satijalab.org/seurat/

TotalVI (v1.0.2) Gayoso et al.10 https://github.com/YosefLab/scvi-tools

MultiVI (v1.0.2) Tal et al.11 https://github.com/YosefLab/scvi-tools

stLearn Pham et al.19 https://github.com/BiomedicalMachineLearning/ 

stLearn

STAGATE Dong et al.16 https://github.com/QIFEIDKN/STAGATE

GraphST Long et al.17 https://github.com/JinmiaoChenLab/GraphST

INSTINCT (v1.0.0) Liu et al.21 https://github.com/yyLIU12138/INSTINCT

SpatialGlue Long et al.22 https://github.com/JinmiaoChenLab/SpatialGlue/

PRESENT (v1.0.0) Li et al.24 https://github.com/lizhen18THU/PRESENT

MISO Coleman et al.26 https://github.com/kpcoleman/miso

Sprod Wang et al.58 https://github.com/yunguan-wang/SPROD

spaVAE Tian et al.23 https://github.com/ttgump/spaVAE

CellChat Jin et al.36 https://github.com/jinworks/CellChat

MultiSP This study https://github.com/jinworks/MultiSP

e1 Cell Genomics 6, 101141, May 13, 2026 

Technology
ll

OPEN ACCESS

https://zenodo.org/records/10362607
https://www.biosino.org/node/project/detail/OEP003285
https://www.biosino.org/node/project/detail/OEP003285
https://brain-spatial-omics.cells.ucsc.edu
https://www.10xgenomics.com/resources/datasets/gene-protein-expression-library-of-human-tonsil-cytassist-ffpe-2-standard
https://www.10xgenomics.com/resources/datasets/gene-protein-expression-library-of-human-tonsil-cytassist-ffpe-2-standard
https://www.10xgenomics.com/resources/datasets/gene-protein-expression-library-of-human-tonsil-cytassist-ffpe-2-standard
https://data.mendeley.com/datasets/zjnpwh8m5b/1
https://www.r-project.org/
https://www.python.org/
https://pytorch.org/
https://satijalab.org/seurat/
https://github.com/YosefLab/scvi-tools
https://github.com/YosefLab/scvi-tools
https://github.com/BiomedicalMachineLearning/stLearn
https://github.com/BiomedicalMachineLearning/stLearn
https://github.com/QIFEIDKN/STAGATE
https://github.com/JinmiaoChenLab/GraphST
https://github.com/yyLIU12138/INSTINCT
https://github.com/JinmiaoChenLab/SpatialGlue/
https://github.com/lizhen18THU/PRESENT
https://github.com/kpcoleman/miso
https://github.com/yunguan-wang/SPROD
https://github.com/ttgump/spaVAE
https://github.com/jinworks/CellChat
https://github.com/jinworks/MultiSP


count matrices of RNA, ADT, and ATAC are denoted as Xr , Xp, and Xa respectively, with the preprocessed data matrices represented 

as ~Xr ∈ Rn×dr , ~Xp ∈ Rn×dp , and ~Xa ∈ Rn×da where n denotes the number of cells, dr represents the number of highly variable genes, 

dp represents the number of proteins, and da represents the number of filtered peaks. Next, we perform PCA dimensionality reduction 

on the RNA data ~Xr to obtainXrf, while LSI is applied for dimensionality reduction of the ATAC data, yielding Xaf. For the ADT data, let 

Xpf = ~Xp.

We transform M into a spatial proximity graph Gs(V,E), with As as the adjacency matrix of the graph, whereas(i,j) = 1 if and only if the 

Euclidean distance between spots i and j is less than a specific neighbor number k, and 0 otherwise. For RNA and ADT combination 

data, we choose k = 3; for RNA and ATAC combination data, we choose k = 6.

Subsequently, we use the KNN algorithm to construct the corresponding feature similarity graphs Gr(V,E), Gp(V,E), andGa(V,E) 

based on Xrf, Xpf, and Xaf. For each cell, we select k nearest neighbors, where k is set to 20 by default. The corresponding adjacency 

matrices are denoted as Ar, Ap, and Aa, with a value of 1 indicating that the two cells are neighbors and 0 otherwise. To balance the 

contributions of the spatial proximity graph and the feature similarity graph, we compute the combined adjacency matrices as 

follows:

Ar combined = (1 − λ)As + λAr (Equation 1) 

Aa combined = (1 − λ)As + λAa (Equation 2) 

Ap combined = (1 − λ)As + λAp (Equation 3) 

We set the value of λ based on the spatial domain distribution patterns of different tissue types. For tissues exhibiting strong 

spatial continuity, such as brain tissue, we set λ = 0 to exclude the feature similarity graph. For other tissue types, we use a default 

λ value of 0.2 to balance the contributions from spatial and feature-based information. We conducted a sensitivity analysis on the 

value of k in the spatial KNN graph and the weight of the feature-based KNN graph during graph fusion. The results demonstrate 

that MultiSP remains robust across a range of these parameter values, confirming the stability and generalizability of the frame

work (Figure S13).

The fused graphs and reduced-dimension omics feature matrices constitute the input for the core architecture of MultiSP, which is 

composed of three main modules: the Omics-specific encoder, the Cross-omics alignment and fusion, and the Omics-specific 

decoder. The details of each module are described below.

Omics-specific encoder

To obtain a neighborhood-aware representation for each cell, we first designed modality-specific Graph Convolutional Network 

(GCN) encoders for each omics type. The advantage of GCN lies in its ability to capture complex patterns within the graph structure. 

Specifically, for each omics modality, the preprocessed, dimension-reduced data serve as input, and we derive modality-specific 

representations based on fused graphs as follows:

Hr = σ( ~Ar combinedXrf Wr + br) (Equation 4) 

Hp = σ
(

~Ap combinedXpfWp + bp

)
(Equation 5) 

Ha = σ( ~Aa combinedXafWa + ba) (Equation 6) 

Here, ~A = D−
1
2AD−

1
2 denotes the normalized adjacency matrix specific to the graph, where D represents the corresponding degree 

matrix. σ represents the activate function. W and b denote the trainable weight matrices and bias vectors, respectively. The sub

scripts r, p, a correspond to the RNA, ADT, and ATAC modalities, respectively. This notation applies similarly to the subsequent 

equations.

Finally, for each modality, we utilize variational autoencoders to encode and obtain the mean Hmean
r , Hmean

p and Hmean
a , and the log 

variance Hvar
r , Hvar

p and Hvar
a . We then perform reparameterization sampling to obtain the latent representations:

Zr = Hmean
r + e

Hvar
r

2 × ϵ ∼ N(0; I) (Equation 7) 

Zp = Hmean
p + e

Hvar
p

2 × ϵ ∼ N(0; I) (Equation 8) 

Za = Hmean
a + e

Hvar
a

2 × ϵ ∼ N(0; I) (Equation 9) 
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Cross-omics alignment and fusion

To integrate low-dimensional representations from different omics that are derived using omics-specific encoders and reside in 

distinct manifold spaces, we employ generative adversarial networks (GANs) for adversarial alignment. To facilitate subsequent 

data fusion, we aim to align these representations into a unified manifold space.

We introduce an omics discriminator, which takes as input the latent representations from different omics and assigns labels 0, 1, 

2, …, K-1, where K is the total number of omics. The output of the discriminator is a K-dimensional softmax vector, representing the 

probability distribution over the omics categories. The discriminator is trained to minimize the cross-entropy loss for K-class classi

fication, defined as:

LossD = −
∑n

i = 1

∑K

k = 1

yi;k log
(
~yi;k

)
(Equation 10) 

where yi,k is the true label for sample i in class k. If sample i belongs to class k, then yi,k = 1; otherwise, yi,k = 0. ~yi;k represents the k-th 

component of the softmax output from the discriminator for sample i. The omics-specific encoders are trained with an opposing 

objective to fool the discriminator, thus aligning the latent representations from different omics. The corresponding alignment loss 

function is:

Lossalign = − LossD (Equation 11) 

This form of adversarial alignment corresponds to minimizing a generalized Jensen–Shannon divergence among the cell embed

ding distributions across different omics layers.87 However, without additional constraints, a purely adversarial objective tends to 

enforce identical embeddings across modalities for each cell, which may lead to the loss of modality-specific information. To mitigate 

this, we adopt a weighted adversarial alignment strategy by introducing cell-specific weights in the adversarial loss. This allows the 

model to retain important modality-specific features:

LossD = −
∑n

i = 1

wi

∑K

k = 1

yi;k log
(
~yi;k

)
(Equation 12) 

wherewi are computed based on the cosine similarity between the embeddings of different modalities for each cell, followed by a 

softmax normalization:

wi =
e

∑

ki∕=kj

cos

(
zi;ki

; zi;kj

)

∑n

i = 1

e

∑

ki∕=kj

cos

(
zi;ki

; zi;kj

) (Equation 13) 

This adjustment down-weights the adversarial loss for cells exhibiting greater modality divergence, thereby preventing the poten

tial over-integration and preserving meaningful modality-specific information.

Once the representations are aligned, we fuse them using MLP to obtain a unified latent representation:

Z = Wfus

(
CONCAT

(
Zr ;Zp;Za

))
+ bfus (Equation 14) 

where CONCAT denotes the concatenation operation, Wfus and bfus are trainable weight matrices and bias vectors, respectively.

Omics-specific decoder

There are significant differences in the dimensionality and sparsity of omics data. For instance, protein data (ADT) typically have only a 

few dozen dimensions, with low sparsity and dropout rates.88 In contrast, transcriptomics (RNA) and epigenomics (ATAC) data can 

have tens of thousands to hundreds of thousands of dimensions, exhibiting higher levels of dropout and extreme sparsity.89 As a 

result, we designed specific decoders for each omics type.

For RNA count data Xr, following prior single-cell studies,90 we modeled the data using a zero-inflated negative binomial (ZINB) 

distribution:

Xi;j
r ∼ ZINB

(
Xi;j

r ; πi;j; μi;j ; θi;j

)
(Equation 15) 

ZINB
(
Xi;j

r ; πi;j; μi;j ; θi;j

)
= πi;jδ0

(
Xi;j

r

)
+
(
1 − πi;j

)
NB
(
Xi;j

r ; μi;j ; θi;j

)
(Equation 16) 

δ0

(
Xi;j

r

)
=

⎧
⎨

⎩

1; if Xi;j
r equals 0

0;otherwise
(Equation 17) 
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NB
(
Xi;j

r ; μi;j ; θi;j

)
=

Γ
(
Xi;j

r + θi;j

)

θi;j

(
θi;j

θi;j + μi;j

)θi;j
(

μi;j

θi;j + μi;j

)X
i;j
r

(Equation 18) 

where i and j denote the i-th cell and the j-th gene, and π, μ, θ represent the zero-inflation rate, mean, and dispersion parameter, 

respectively. These parameters are learned through MLP:

π = sigmoid
(

fMLP
r;π (Zr)

)
; μ = diag(Sr) × exp

(
fMLP
r;μ (Zr)

)
(Equation 19) 

θ = softplus
(

fMLP
r;θ (Zr)

)
(Equation 20) 

where sigmoid, exp, and softplus denote activation functions, and Sr is a scaling factor used for library size normalization. The loss 

function for the ZINB decoder is defined as:

LZINB =
1

ndr

∑n

i = 1

∑dr

j = 1

(
− log ZINB

(
Xi;j

r ; πi;j ; μi;j; θi;j

)
+ γπ2

i;j

)

(Equation 21) 

The term γπ2
i;j acts as a ridge prior on the dropout probabilities and accounts for zero inflation. The regularization parameter γ con

trols the weight of the dropout process. In our model, we set γ = 0.5 by default.

For ATAC count data Xa, inspired by single-cell research,91 we modeled the data using a zero-inflated Poisson (ZIP) distribution:

Xi;j
a ∼ ZIP

(
Xi;j

a ; πi;j; λi;j

)
(Equation 22) 

ZIP
(
Xi;j

a ; πi;j ; λi;j

)
= πi;jδ0

(
Xi;j

a

)
+
(
1 − πi;j

)
Possion

(
Xi;j

a ; λi;j

)
(Equation 23) 

δ0

(
Xi;j

a

)
=

⎧
⎨

⎩

1; if Xi;j
a equals 0

0;otherwise
(Equation 24) 

Possion
(
Xi;j

a ; λi;j

)
=

λi;j
X

i;j
a e− λi;j

X
i;j
a !

(Equation 25) 

where i and j represent the i-th cell and j-th peak, π and λ denote the zero-inflation rate and mean parameter, respectively. These 

parameters are learned through MLP:

π = sigmoid
(

fMLP
a;π (Za)

)
; ρ =

(
fMLP
a;ρ (Za)

)
(Equation 26) 

λ = diag(Sa) × softmax(ρ + rc) (Equation 27) 

where sigmoid and softmax are activation functions, Sa represents the library size for each cell, and rc captures peak-specific bias. 

The loss function for the ZIP decoder is defined as:

LZIP =
1

nda

∑n

i = 1

∑da

j = 1

(
− log ZIP

(
Xi;j

a ; πi;j ; λi;j

)
+ γπ2

i;j

)

(Equation 28) 

Similar to the ZINB decoder, the regularization parameter γ was set to 0.5 by default.

Finally, for ADT data, we reconstruct the normalized feature matrix directly using MLP as follows:

~Xpf = fMLP
p

(
Zp

)
(Equation 29) 

and the corresponding mean squared error (MSE) loss function is:

LMSE =
1

ndp

∑n

i = 1

∑dp

j = 1

(
X

i;j

pf − ~X
i;j

pf

)2

(Equation 30) 

Model training of MultiSP

The model training process is divided into two stages. In the first stage, each modality’s variational autoencoder (VAE) is pretrained 

independently, with the corresponding loss functions defined as follows:

Lossr = λklKL
(
N
(
Hmean

r ;Hvar
r

)
‖N(0; I)

)
+ λzinbLZINB (Equation 31) 
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Lossa = λklKL
(
N
(
Hmean

a ;Hvar
a

)
‖N(0; I)

)
+ λzipLZIP (Equation 32) 

Lossp = λklKL
(
N
(

Hmean
p ;Hvar

p

)
‖N(0; I)

)
+ λmseLMSE (Equation 33) 

where KL denotes the Kullback-Leibler divergence loss, and λkl, λzinb, λzip and λmse are the weighting coefficients for the correspond

ing losses. The values are set as λkl = 0.005 and λzinb = λzip = λmse = 1.

The first stage allows each encoder to learn an initial low-dimensional embedding specific to its corresponding modality. Essen

tially, this pretraining step serves a similar purpose to initializing the generator in a GAN framework and helps mitigate instability 

before adversarial optimization begins.

In the second stage, an omics discriminator is introduced. During the decoding process, the unified representation Z fusing infor

mation from multiple modalities replaces the modality-specific latent representations Zr, Za and Zp. The discriminator and each mo

dality’s VAE are alternately optimized. The discriminator’s loss function is denoted as LossD, and the overall loss function combining 

all the VAEs is defined as:

Loss = λrLossr + λaLossa + λpLossp + λalignLossalign (Equation 34) 

where λr、λa、λp and λalign are the corresponding loss weights. By default, we set λalign = 0.1. The sensitivity analysis of this weighting 

coefficient for the adversarial loss demonstrates that MultiSP remains robust across a range of this parameter (Figure S13). For all the 

RNA-ADT datasets, the corresponding weights λr and λpwere both set to 1; For the MISAR-seq dataset, the corresponding weights λr 

and λa were set to 1 and 5; For the Spatial ATAC-RNA-seq dataset, the corresponding weights λr and λawere set to 1 and 10.

Implementation details of MultiSP

We performed dimensionality reduction on RNA and ATAC data using PCA and LSI, respectively, reducing them to 100 dimensions. 

The corresponding dimensional parameters for the GCN encoder were set to (100, 128) for RNA and ATAC data, while for ADT data, 

the GCN encoder dimensions were (dp, 128). The input and output dimensions of the MLP that encodes the mean and log variance 

were both set to 128. The dimensional parameters for the ZINB decoder were set to (128, 1024, dr), for the ZIP decoder to (128, 1024, 

da), and for the ADT decoder to (128, 256, dp). The variational autoencoder (VAE) was trained using the Adam optimizer. To improve 

stability, the discriminator was trained using the momentum-free RMSprop optimizer. We conducted 100 epochs during the initial 

pretraining stage for all datasets. In the second training stage, we performed 50 epochs for RNA–ADT data and 100 epochs for 

RNA–ATAC data. The learning rate of the Adam and RMSprop optimizers were set to 0.001 and 0.005, respectively. For the P22 

mouse brain data, we accelerated the training by utilizing an MLP decoder instead of the ZIP decoder to directly reconstruct the fea

tures of LSI dimensionality reduction. For the human tonsil dataset, Hematoxylin and Eosin (H&E)-stained images were treated as an 

additional modality. Preprocessed image features from MISO26 were integrated into the MultiSP architecture and reconstructed us

ing a standard MLP decoder. Both the initial pretraining stage and the subsequent training stage were conducted for 300 epochs.

While the low-dimensional embeddings for each cell are modeled using a normal distribution through variational autoencoders 

(VAEs), MultiSP employs a reparameterization technique during training to enable backpropagation through the stochastic layer. 

Specifically, embedding vectors are sampled from the learned distributions and used as inputs to the decoder. However, during infer

ence, we use the mean of each cell’s latent distribution as its final representation. This approach ensures that, once the model is 

trained and the random seed is fixed, all downstream analyses are deterministic.

Identification of spatial domains

By default, spatial domains were identified using the mclust92 clustering algorithm, applied to the joint latent representations gener

ated by MultiSP. For labeled datasets, we set the number of clusters to be the same as the ground truth. For unlabeled datasets, we 

either set the number of clusters to be the same as the previous studies or determine the number of clusters based on domain-spe

cific differential expression patterns such as in the analysis of mouse spleen and breast cancer data. In addition, we also applied both 

Louvain and Leiden clustering algorithms within the MultiSP framework and found that MultiSP outperformed competing methods 

under these settings as well (Figures S14A and S14B). We also incorporated Louvain and Leiden as optional clustering choices in 

the Python package to enhance flexibility and compatibility with standard practices.

Data denoising

For RNA data, we use the output ~μ = exp
(

fMLP
r;μ (Zr)

)
from Equation 19 as the denoised gene counts, which removes the effect of li

brary size. To obtain more robust estimates, ~μ is calculated based on Hmean
r (Equation 7), which represents the mean of Zr. For ATAC 

data, we use the output ρ =
(

fMLP
a;ρ (Za)

)
from Equation 26 as the denoised peak counts, which both correct library size effects and 

peak-specific bias. For ADT data,we directly use ~Xpf from Equation 29 as the denoised, normalized expression values.

Inference of spatially multimodal cell-cell communication

We inferred spatially multimodal cell-cell communication by extending our previous cell-cell communication inference method 

CellChat and utilizing denoised spatial multi-omics data that simultaneously captures transcriptomics and proteomics. Because 
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protein data often exhibit technical biases such as background signals arising from ambient or nonspecifically bound anti

bodies, we set low protein expression values to zero to mitigate these effects. Similar to a previous study,93 we defined the 

expression values of proteins less than 0.5 as the low-expressions. To account for the different scales of gene and protein 

expression, we normalized each feature to a range of 0–1. We observed consistent results when varying the threshold for 

the low-expression values of proteins (Figure S7B). We first identified pairs of cells that were physically close to one another 

to have biologically realistic interactions. For the secreting signaling, we used the maximal possible molecular interaction range 

(by default 250 μm); for the contact-dependent signaling, we required that communicating cells were in direct contact with each 

other. Secondly, we identified combinations of spatial domains that have enough nearby cell-cell pairs. Thirdly, based on the 

CellChat’s framework, we defined an interaction score by calculating the average gene expression of a ligand in a spatial 

domain and the average protein expression of a surface receptor in another spatial domain using 10% truncated mean. Finally, 

the significant interactions were identified using a permutation test by randomly permuting the group labels of cells and the in

teractions between spatially proximal spatial domains with p-value <0.05 were considered significant. When receptors are not 

measured at the protein level, users can either use the gene expression as a proxy or predict the corresponding protein expres

sion using cross-omics imputation methods.

Transcription factor regulation analysis

We performed transcription factor motif enrichment analysis and estimated transcription factor activity using the R package ‘chrom

VAR’. The positional weight matrix used in the process was obtained from the JASPAR2016 database.94 chromVAR calculates the 

bias corrected deviations in accessibility. For each motif, there is a value for each cell, which measures how different the accessibility 

for loci with that motif is from the expected accessibility based on the average of all the cells. We computed the average gene expres

sion levels and transcription factor activities for all cells across various spatial domains. These values were normalized to a range of 

[0, 1], enabling a direct comparison.

Survival analysis

Survival analysis was performed using R package ‘survival’. Patients were classified into a high group and a low group using the 

‘surv_cutpoint’ function from R package ‘survminer’ based on the computed GSVA scores. The survival curve of patients is then 

calculated using the Kaplan–Meier method in ‘survival’ package and visualized using the ‘ggsurvplot’ function from R package ‘surv

miner’. The survival curve difference of patients between different groups is evaluated by two-sided log rank test (Mantel–Cox test) 

without multiple testing correction.

Comparison of MultiSP against existing methods

We evaluate MultiSP’s ability in spatial domain detection against other twelve methods, including three methods designed for inte

grating single-cell multi-omics data (Seurat v4(WNN), TotalVI and MultiVI), four methods designed for integrating spatial single omics 

data (STAGATE, GraphST, INSTINCT and stLearn), three methods designed for integrating spatial multi-omics data (SpatialGlue, 

PRESENT and MISO), as well as two baseline methods that only use one modality (denoted by RNA and Protein (or ATAC) respec

tively). Of note, TotalVI and MultiVI, implemented by scVI package (version 1.0.2), are used for the integrative analysis of spatial RNA- 

ADT and RNA-ATAC omics data, respectively. The two baseline methods are obtained by creating a simplified version of MultiSP 

framework that takes only one modality data as input.

In addition, we compared MultiSP with spatial data denoising methods, including Sprod and spaVAE, and cell-cell communication 

inference methods, including COMMOT and SpatialDM. For both COMMOT and SpatialDM, we did not normalize each gene feature 

to a range of 0–1, as such normalization is not required in the corresponding tutorials. In SpatialDM, weight matrix was calculated 

using ‘spatialdm.weight_matrix’ with options l = 2.5, cutoff = 0.

We ran these methods with suggested parameter settings by following the corresponding tutorials. Due to the randomness of deep 

learning-based methods, we perform repeated experiments using different random seeds and conducted statistical validation. Spe

cifically, for human lymph node dataset, we carry out 10 independent runs, each corresponding to a distinct random seed, and re

ported the variation in the performance metrics using box-plots. To assess statistical significance in performance differences across 

methods, we conduct Wilcoxon rank-sum test for the results obtained across multiple runs with different seeds. p-values from Wil

coxon rank-sum tests are indicated on the box-plots.

Evaluation metrics

To evaluate the spatial domain identification performance of different methods, we utilized five widely used supervised clustering 

evaluation metrics, including Adjusted Rand Index (ARI), Normalized Mutual Information (NMI), Entropy, Purity and F1 score and 

four unsupervised metrics that capture spatial continuity in the previous benchmarking study,14 including CHAOS, PAS, ASW, 

and Moran’s I. Better clustering performance corresponds to higher values for NMI, ARI, Purity, F1 score and lower values for En

tropy. Lower values of CHAOS and PAS and higher values of ASW and Moran’s I indicate better performance in capturing spatial 

continuity. We also calculated both supervised and unsupervised overall scores by combining the results from all corresponding 

evaluation metrics. Taking the supervised overall score as an example, we first calculated the five scores for each benchmarking 

method, then sorted the ARI, NMI, Purity and F1 score values of different methods in ascending order to get rankARI, rankNMI, rankPurity 
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and rankF1score, and sorted the Entropy values in descending order to get rankEntropy. Finally, we calculated the average value to 

obtain the overall score value as follows:

Overall score(supervised) =
1

5

(
rankARI + rankNMI + rankEntropy

+ rankPurity + rankF1 score

)

(Equation 35) 

The overall score of unsupervised metrics was similarly calculated as follows:

Overall score(unsupervised) =
1

4
(rankCHAOS + rankPAS + rankASW + rankMoran

′
s I) (Equation 36) 

Dataset description

Visium CytAssist human lymph node data

The human lymph node dataset is generated by the Visium CytAssist Spatial Gene and Protein Expression platform (10× Genomics). 

The dataset contains the spatial coordinates and the expression level of 18,085 genes and 31 proteins across 3,484 cells. The ground 

truth labels were obtained from the SpatialGlue study, where tissue domains were annotated by clinical experts based on Hematox

ylin and Eosin (H&E) stained sections.

SPOTS mouse spleen and breast cancer data

The mouse spleen and breast cancer data are generated by a high-throughput spatial transcriptomics and proteomics co-profiling 

technology, i.e., Spatial PrOtein and Transcriptome Sequencing (SPOTS). The mouse spleen dataset provides the spatial coordi

nates and the expression level of 32,285 genes and 21 proteins across 2,568 cells. The mouse breast cancer dataset provides 

the spatial coordinates and the expression level of 32,286 genes and 32 proteins across 1,978 cells.

MISAR-seq mouse brain data

The MISAR-seq dataset comprises eight spATAC-seq samples and their corresponding spatial transcriptomics (SRT) profiles from 

E11.0, E13.5, E15.5 and E18.5 developmental stages. The four samples include E11_0-S1(32,285 genes and 242,024 peaks across 

1,258 cells), E13_5-S1(32,285 genes and 271,126 peaks across 1,777 cells), E15_5-S1(32,285 genes and 265,014 peaks across 

1,949 cells, and E18_5-S1(32,285 genes and 294,734 peaks across 2,129 cells. We used anatomical annotations available in the orig

inal publication of the MISAR-seq technology. These annotations were derived from spatial alignment to corresponding histological 

images and referenced against standard mouse brain atlases.

Spatial ATAC-RNA-seq mouse brain and E13 mouse embryo data

The mouse brain datasets includes three samples of mouse postnatal day 21/22 (P21/22). Microfluidic barcoding was used to cap

ture spatial location and combined with in situ Tn5 transposition chemistry to capture chromatin accessibility. We used the Mouse 

P22 spatial RNA+ATAC dataset which provides the spatial coordinates and the expression level of 22,914 genes and the accessibility 

of 121,068 peaks across 9,215 cells. In experiments conducted on embryonic day 13 (E13) mouse embryos, with a pixel size of 

50 μm, the E13 mouse embryo dataset comprises 2,186 cells, 20,900 genes, and a peak count reaching up to 87,173.

Spatial CITE-seq human skin data

Spatial CITE-seq was employed to map early immune cell activation within a skin biopsy tissue collected from the injection site of a 

Coronavirus Disease 2019 (COVID-19) mRNA vaccine, co-profiling spatially resolved proteome and transcriptome. Spatial CITE-seq 

employs a cocktail of approximately 200–300 antibody-derived tags (ADTs) to stain a tissue slide. This dataset comprises 15,486 

genes and 283 proteins on 1,691 cells.

Spatial DBiT-seq mouse embryo data

We used the ‘0713aL’ and ‘0713cL’ samples, which are the sequencing data for the mouse embryonic brain region. The dataset con

tains 1,789 cells with 18,787 genes and 22 proteins.

10× visium human tonsil gene and protein expression data

The dataset contains 4,191 cells with 18,085 genes and 35 proteins. The annotation of germinal center was provided by the authors of 

MISO.26

CODEX mouse spleen data

We used the sample ‘BALBc-1’ for our scalability analysis. The dataset contains 82,251 cells and 30 proteins.

QUANTIFICATION AND STATISTICAL ANALYSIS

The quantitative and statistical analyses are described in the relevant sections of the method details and in the figure legends. R 

(version 4.4.1) and Python 3.11.9 were used for all statistical analyses.
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